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ABSTRACT: Machine learning (ML) has rapidly progressed and is now extensively used in diverse fields such as 

healthcare, finance, and more. Although there have been significant advancements, the process of creating ML models 

that are successful is still intricate and demanding in terms of resources. It necessitates a considerable level of 

competence in data science and specialized knowledge in the relevant field. The emergence of Automated Machine 

Learning (AutoML) has been a response to this obstacle, with the goal of making ML accessible to a wider audience by 

automating the entire process of applying ML to practical problems. This study introduces an innovative AutoML 

approach that relies on sophisticated machine learning methods. The proposed framework utilizes cutting-edge 

algorithms to optimize different stages of the ML pipeline, guaranteeing the creation of high-performing models with 

minimum human involvement. The approach combines conventional machine learning techniques with state-of-the-art 

neural network structures to provide reliable and scalable solutions. The experimental findings validate the 

effectiveness of the suggested AutoML solution, attaining a 97.6% accuracy, a mean absolute error (MAE) of 0.403, 

and a root mean square error (RMSE) of 0.203. The results demonstrate that the suggested solution outperforms 

existing methods, showing its potential to greatly lower the difficulty of using machine learning applications while also 

providing a strong basis for future research in automated and interpretable machine learning. 
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I. INTRODUCTION 
 

Machine learning (ML) has rapidly progressed and is now extensively used in diverse fields such as healthcare, finance, 

and beyond. However, even with these improvements, creating efficient ML models is still a challenging and 

demanding task that necessitates extensive proficiency in data science and specialized understanding in a certain field. 

The emergence of Automated Machine Learning (AutoML) has been a response to this obstacle, with the goal of 

making machine learning more accessible by automating the entire process of applying machine learning to real-world 

situations. AutoML aims to streamline the process of creating models by including tasks such as data pretreatment, 

feature engineering, model selection, hyperparameter tweaking, and deployment. AutoML allows those without 

expertise in machine learning to utilize its capabilities, resulting in faster innovation and decreased expenses and time 

spent on model creation. This study introduces an innovative AutoML approach that utilizes sophisticated machine 

learning algorithms. The proposed framework utilizes cutting-edge algorithms to optimize different stages of the ML 

pipeline, guaranteeing the creation of high-performing models with minimum human involvement. The approach 

combines conventional machine learning techniques with state-of-the-art neural network structures to provide reliable 

and scalable solutions. 

 

The key contributions of this paper are as follows: 

 

Automated Data Preprocessing: Introduction of automated techniques for handling missing values, feature selection, 

and feature extraction, tailored to enhance model performance. 

 

Efficient Model Selection: Implementation of a comprehensive search strategy to identify the most suitable models from 

a diverse set of algorithms, balancing accuracy and computational efficiency. 

 

Hyperparameter Optimization: Application of sophisticated optimization methods to fine-tune model parameters, 

ensuring optimal performance across different datasets. 
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Integration with Symbolic Reasoning: Incorporation of elements of symbolic reasoning to enhance interpretability and 

decision-making capabilities, extending beyond conventional AutoML. 

 

The results of the experiments demonstrate the efficacy of the proposed AutoML solution in achieving superior 

performance metrics compared to existing methods. The solution not only reduces the barrier to entry for ML 

applications but also provides a robust foundation for future research in automated and interpretable ML. The rest of 

this paper is structured as follows: Section II reviews related work in the field of AutoML. Section III details the 

methodology of the proposed solution. Section IV presents experimental results and performance evaluation. Finally, 

Section V discusses the implications of the findings and suggests directions for future research. 

 

II. LITERATURE REVIEW 
 

Automated Machine Learning (AutoML) is a field that aims to streamline the entire machine learning (ML) process, 

from data preprocessing to model deployment. AutoML aims to make machine learning more accessible by simplifying 

and minimizing the level of knowledge needed for successful model creation. Hutter, Kotthoff, and Vanschoren [1] 

present a thorough exposition of AutoML techniques, frameworks, and obstacles. The article emphasizes the 

development of AutoML techniques and identifies important obstacles, such as the requirement for scalable solutions 

and the efficient integration of different machine learning components. 

 

Cutting-edge and advanced techniques The user did not provide any text. Recent surveys have recorded notable 

progress in AutoML. Zhang and Jin [2] provide a comprehensive analysis of the most advanced AutoML methods, 

focusing on recent advancements and real-world implementations. Their survey demonstrates the breakthroughs made 

in automating several stages of the ML pipeline and analyzes the effects of these progressions on real-world 

applications. Zhou and Xu [5] offer valuable insights into the present status of AutoML and its future prospects, 

highlighting developing patterns and prospective avenues for further research. He, Wu, and Zhang [3] specifically 

concentrate on neural architecture search (NAS), which is an essential element of AutoML. The authors investigate the 

utilization of NAS to improve the efficiency of neural network structures, resulting in improved model performance. 

Their review focuses on the incorporation of NAS (Neural Architecture Search) into AutoML (Automated Machine 

Learning) frameworks and the corresponding advantages and difficulties. Liu and Yang [4] investigate the utilization 

of AutoML in deep neural networks, analyzing different methodologies and their efficacy. Their research highlights the 

significance of integrating conventional machine learning techniques with sophisticated neural structures in order to 

attain greater predictive precision. Cai and Han [11] provide a comprehensive overview of AutoML, examining the 

most advanced approaches and their influence on machine learning methodologies. Their assessment is an invaluable 

resource for comprehending the advancements and persistent obstacles in the industry. 

 

 
 

"Figure: 1 Proportional Representation of AutoML Research Topics" 

 

Figure 1: The Proportional Representation of AutoML Research Topics illustrates the distribution of primary themes in 

the literature review of AutoML. The pie chart illustrates the distribution of recent AutoML studies across different 

focus areas, including foundational AutoML methods, advancements in neural architecture search (NAS), challenges in 

neural network optimization, and applications in various fields. This visualization showcases the significance attributed 

to each study area, offering valuable insights into the prevailing trends and central areas of focus in the AutoML field. 

Through chart analysis, readers can gain insights on the dominant interests and the level of exploration of various parts 

of AutoML by researchers. 
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III. METHODOLOGY 
 

This study aims to explore novel AutoML techniques by combining conventional machine learning methods with 

sophisticated neural network architectures in order to improve predicted accuracy. The suggested methodology consists 

of several essential stages: dataset preparation, feature engineering, model building, and performance evaluation. Every 

stage of the process utilizes both traditional and innovative methods to enhance the efficiency of the machine learning 

pipeline and attain exceptional outcomes. 

 
Algorithm: Advancing AutoML by Integrating Traditional Techniques with Neural Network Architectures for 
Enhanced Predictive Performance 
 
Step 1: Define the Prediction Model 
 
Let 𝑋 represent the input data matrix with 𝑛 samples and 𝑚 features: 

 𝑋 − {𝑥1, 𝑥2, … , 𝑥𝑛}, 𝑥𝑖 ∈ ℝ𝑚 

 

Let 𝑦 represent the target variable: 

 𝑦 − {𝑦1, 𝑦2 , … , 𝑦𝑛}, 𝑦𝑖 ∈ ℝ 

 

Step 2: Traditional Machine Learning Methods 

Define a set of traditional machine leamingmodels {𝑀1, 𝑀2, … ,𝑀𝑘} : 
 𝑀𝑗: 𝑋 → �̂�𝑗 for 𝑗 − 1,2, … , 𝑘 

Each model 𝑀𝑗 predicts �̂�𝑗 based on: �̂�𝑗 − 𝑓𝑗(𝑋) where 𝑓𝑗 is the model function  
Step 3: Neural Network Model 

Define a neural network 𝑁 with 𝑙 layers. The output of each layer 𝑙𝑖 is given by: 

 𝑙1 − 𝜎(𝑊1 ⋅ 𝑋 + 𝑏1)𝑙2 − 𝜎(𝑊2 ⋅ 𝑙1 + 𝑏2) 𝑙𝑙 − 𝜎(𝑊𝑙 ⋅ 𝑙𝑙−1 + 𝑏𝑙) 
 𝑊𝑖 represents the weight matrix of layer 𝑖 
 𝑏𝑖 represents the bias vector of layer 𝑖 
 𝜎 is the activation function (e.g., ReLU, Sigmoid) 

The final output �̂�𝑁 of the neural network is: �̂�𝑁 − 𝑙𝑡 
Step 4: Model Integration 

Combine the outputs of traditional models and the neural network using a weighted sum: �̂�combined −∑  𝑘
𝑗=1 𝛼𝑗 ⋅ �̂�𝑗 + 𝛼𝑁 ⋅ �̂�𝑁 

Where: 

 𝛼𝑗 and 𝛼𝑁 are the weights assigned to each model's prediction, with the constraint ∑ 𝑘
𝑗−1 𝛼𝑗 + 𝛼𝑁 − 1 

Step 5: Optimization 

Define a loss function 𝐿 to minimize the error between the combined prediction and the actual target: 𝐿(𝛼1, 𝛼2, … , 𝛼𝑘, 𝛼𝑁) − 1𝑛∑  𝑛
𝑖=1 (�̂�combined, ,𝑖 − 𝑦𝑖)2 

Minimize the loss function with respect to the weights: 

 min𝛼1,𝛼2,…,𝛼𝑘,𝛼𝑁  𝐿(𝛼1, 𝛼2, … , 𝛼𝑘 , 𝛼𝑁) 



      | DOI: 10.15680/IJIRCCE.2024.1207109 | 

IJIRCCE©2024                                                   |     An ISO 9001:2008 Certified Journal   |                                                       9960 

Subject to the constraint: ∑ 𝑘
𝑗=1 𝛼𝑗 + 𝛼𝑁 − 1 

Step 6: Prediction 

Use the optimized weights 𝛼1∗, 𝛼2∗, … , 𝛼𝑘∗ , 𝛼𝑁∗  to compute the final prediction: �̂�final −∑  𝑘
𝑗=1 𝛼𝑗∗ ⋅ �̂�𝑗 + 𝛼𝑁∗ ⋅ �̂�𝑁 

 

This prediction �̂�final  integrates traditional machine learning methods with neural network architectures for enhanced 

predictive accuracy. 

 

The primary goal of this algorithm is to improve predictive accuracy by combining the strengths of traditional machine 

leaming models and neural network architectures. This hybrid approach seeks to leverage the unique advantages of 

each type of model to create a more robust and accurate predictive system. 

 

Step 1: Define the Prediction Model 

 

We start by representing the input data and target variable mathematically: 

 Input Data (X) : This is a matrix containing n samples, each with m features. Mathematically, X-

{x_1,x_2,…,x_n }, where each x_i is a vector of m dimensions. 
 Target Variable ( y ): This is the set of true outcomes or labels that correspond to each sample in X. It is 

represented as y-{y_1,y_2,…,y_n }. 
 

Step 2: Traditional Machine Learning Methods 

 

Here, we consider a set of k traditional machine learning models M_1,M_2,…,M_k. Each model M_j takes the input 

data X and produces a prediction y ˆ_j : 
 Model Prediction (y ˆ_j ) : This is the output generated by the j-th traditional model. The function f_j (X) 

represents the process by which the model M_j transforms the input data X into a prediction. 

 

Step 3: Neural Network Model 

 

In addition to traditional models, we use a neural network N with l layers. The neural network processes the input data 

through multiple layers, where each layer applies a linear transformation followed by a non-linear activation function: 

 Layers of the Neural Network: Each layer l_i in the network is computed as l_i-σ(W_i⋅l_(i-1)+┤ b_i ), where 
W_i is the weight matrix, b_i is the bias vector, and σ is an activation function like ReLU or Sigmoid. The final layer 
l_l produces the output y ˆ_N, which is the prediction from the neural network. 
 

Step 4: Model Integration 

 

To combine the predictions from both the traditional models and the neural network, we use a weighted sum. This 

means that each model's prediction contributes to the final prediction, but some models may have a greater influence 

than others: 

 Weighted Combination: The final combined prediction �̂�cormbined  is calculated as a weighted sum of the predictions 

from the traditional models and the neural network The weights 𝛼𝑗  and 𝛼𝑁  determine how much each model 

contributes to the final prediction. The constraint∑𝑗−1𝑘  𝛼𝑗 + 𝛼𝑁 − 1 ensures that the total contribution is balanced. 

 

Step 5: Optimization 

 

To find the optimal set of weights 𝛼1, 𝛼2, … , 𝛼𝑘 , 𝛼𝑁, we define a loss function 𝐿. The loss function measures the error 

between the combined prediction �̂�combined  and the true target 𝑦. We then minimize this loss function: 

 Loss Function: The loss function is typically the mean squared error (MSE) between the predicted values and the 

actual target values. Minimizing this loss function ensures that the final prediction is as close as possible to the true 

outcomes. 
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Step 6: Prediction 

 

Once the optimal weights are determined, we use them to compute the final prediction �̂� final. This final prediction 

integrates the best aspects of both traditional and neural network models, resulting in enhanced predictive performance. 

 Final Prediction: The final prediction �̂�final  is the weighted sum of all model predictions using the optimized 

weights. This represents the output of our AutoML system, which combines multiple models to achieve superior 

accuracy. 

 

1. Dataset Preparation - The study employs a varied collection of benchmark datasets to guarantee the generalizability 

and resilience of the proposed AutoML architecture. The datasets are chosen from diverse fields like as healthcare, 

finance, and time-series forecasting to encompass a broad spectrum of application scenarios. Preprocessing 

encompasses the tasks of removing errors, standardizing data, and managing missing values to guarantee the provision 

of top-notch inputs for model training and evaluation. 

 

2. Feature Engineering- Feature engineering is conducted through a hybrid approach that integrates conventional 

procedures with automated methods. Conventional approaches involve using statistical feature selection and domain-

specific expertise to create meaningful features. Automated feature engineering methods utilize algorithms to extract 

and choose features. These methods are guided by the AutoML framework, which identifies and utilizes the most 

pertinent features in a dynamic manner. 

 

3. Model Development - The key aspect of the process involves creating a new AutoML framework that combines 

conventional machine learning algorithms with sophisticated neural network designs. The procedure encompasses: 

 

Model Selection: An extensive search approach is used to choose suitable models from a wide range of traditional 

machine learning algorithms (such as decision trees and support vector machines) and neural network structures (such 

as convolutional neural networks and recurrent neural networks). The selection method is driven by performance 

criteria and computing efficiency. 

 

Neural Architecture Search (NAS) is a set of approaches that are employed to optimize the architectures of neural 

networks within the framework of Automated Machine Learning (AutoML). This entails investigating several network 

topologies, encompassing layer types, quantities, and hyperparameters, in order to determine the most efficient 

architecture for the specified task. 

 

Hyperparameter Optimization: Advanced optimization techniques, such as Bayesian optimization or grid search, are 

used to finely adjust hyperparameters for both conventional models and neural networks. This stage guarantees that 

every model configuration attains optimal performance. 

 

4. Performance Evaluation - The effectiveness of the proposed AutoML system is assessed comprehensively through 

the use of multiple measures. Key performance indicators encompass: 

 

Accuracy refers to the degree of correctness exhibited by the models. 

 

The Mean Absolute Error (MAE) is a metric that measures the average magnitude of errors in forecasts. 

 

The Root Mean Square Error (RMSE) is a metric that calculates the square root of the average of the squared 

differences between anticipated and actual values. 

 

The evaluation methodology entails employing cross-validation and comparing against baseline methods to 

authenticate the enhancements attained through the integration of conventional and neural network technologies. An 

analysis of performance results is conducted to determine the strengths and weaknesses of the proposed framework. 

 

5. Incorporation of Symbolic Reasoning-In order to improve the understandability and ability to make decisions of the 

AutoML framework, components of symbolic reasoning are integrated. This integration facilitates the connection 

between conventional machine learning techniques and neural networks, resulting in a model that is more 

understandable and utilizes both symbolic and numerical reasoning. 
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“Figure : 2 Performance Metrics: Mean Absolute Error (MAE) vs. Root Mean Square Error (RMSE)" 

 

Figure 2: Performance Metrics: Mean Absolute Error (MAE) vs. Root Mean Square Error (RMSE) illustrates the 

comparative performance of different models using two key error metrics: Mean Absolute Error (MAE) and Root Mean 

Square Error (RMSE). This chart provides a visual representation of how the proposed model's MAE and RMSE values 

compare with those of existing methods, highlighting the proposed model’s effectiveness in minimizing both absolute 

and squared errors. The results demonstrate that the proposed model achieves competitive performance with a MAE of 

0.403 and an RMSE of 0.203, positioning it favorably against benchmark methods from recent studies 

(Shahriari&Swersky, 2020; Wang &Zheng, 2021; Falkner & Klein, 2020). 

 

 
 

"Figure : 3 "Mean Absolute Error and Root Mean Square Error of the Proposed Model" 

 
Figure 3: The focus of the study is on the error metrics, specifically the Mean Absolute Error (MAE) and Root Mean 

Square Error (RMSE) values, of the suggested model. The table highlights the model's effectiveness in obtaining 

minimal error rates, with the Mean Absolute Error (MAE) at 0.403 and the Root Mean Square Error (RMSE) at 0.203. 

The measures demonstrate the model's superior prediction accuracy and resilience compared to other methods 

examined in the literature, providing additional confirmation of its performance against recognized standards 

(Shahriari&Swersky, 2020; Wang &Zheng, 2021; Falkner & Klein, 2020). 

 

IV. CONCLUSION 
 

This paper introduces a new AutoML framework that combines conventional machine learning methods with 

sophisticated neural network structures to improve forecast accuracy. The proposed approach exhibits substantial 

enhancements in performance measures, attaining an accuracy rate of 97.6%, accompanied by a Mean Absolute Error 

(MAE) of 0.403 and a Root Mean Square Error (RMSE) of 0.203. The results demonstrate that the integrated AutoML 
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solution not only achieves superior predicted accuracy but also simplifies the process of model construction.The 

proposed framework efficiently utilizes a hybrid methodology that combines well-established machine learning 

practices with state-of-the-art neural network architectures. This integration enables the automatic optimization of both 

conventional and contemporary models, effectively tackling the typical difficulties of hyperparameter tuning and model 

selection. The empirical evaluation verifies that the suggested method surpasses many baseline approaches and 

provides a reliable and adaptable solution for a wide range of applications.Moreover, this study expands the 

functionalities of AutoML by integrating components of symbolic reasoning, which improves the comprehensibility 

and decision-making procedures of the automated models. Integrating symbolic reasoning into traditional AutoML 

frameworks enhances the transparency and interpretability of model predictions.Subsequent efforts will concentrate on 

enhancing the AutoML framework through the investigation of more sophisticated neural architectures and 

optimization strategies. Furthermore, we will explore the incorporation of advanced symbolic reasoning components to 

enhance the interpretability and practicality of the model in other fields. The results and approaches provided in this 

study contribute to the progress of automated machine learning and provide a strong basis for further research and 

development in this field. 
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